Introduction
The advent of smart-phone based, ride-sharing applications has revolutionized the vehicle for hire market. An alternative to traditional taxi and limousine services, ride-sharing applications, such as Uber and Lyft, enable potential passengers to "hail" nearby private drivers via geolocation. Potential passengers and drivers both broadcast their locations, quickly map the distance to one another, agree on a price, and estimate the likely wait time. Although matching drivers to potential passengers in real-time provides a greater ease of service, this innovation has encountered much scrutiny (Rogers 2015) . Much of the scrutiny stems from the lack of state and municipal safety regulations that are required of ride-sharings competitors: traditional taxis and limousines.
We investigate whether the introduction of the ride-sharing service, Uber, is associated with net changes in vehicular fatalities and arrest rates. Ride-sharing passengers, drivers, and others may respond to Uber in a variety of ways. With little to no regulation, ride-sharing passengers, as well as pedestrians and occupants in nearby vehicles, may be subject to a greater risk of injury from driver error or parts failures. The use of smartphone applications by drivers and increases in the number of passengers per vehicle potentially increase driver distraction. The increased interaction of nongovernment certified drivers and passengers may result in greater violence. Conversely, these applications reduce passenger wait times and may encourage some drowsy or intoxicated potential drivers to ride instead (Rayle et al. 2016 ). Yet, this ease of use might also increase alcohol consumption and other risky behavior. All of these behavioral responses affect the risk of vehicular crashes and crime.
1 In this article, we empirically estimate the direction and magnitude of these effects.
To do so, we first use monthly data from the National Highway Traffic Safety Administrations Fatality Analysis Reporting System (FARS) to study whether Ubers entry is associated with changes in the overall rate of fatal automobile accidents. We also examine three related measures: alcohol-related fatal crashes, night-time fatal crashes, and the number of vehicular fatalities per 100,000. Using a differences-in-differences specification, we find that fatal accident rates generally decline after the introduction of Uber. Specifically, in the unweighted regressions, we estimate a 1.6% decline in the overall fatal crash rate for each additional quarter Uber is available. For the weighted regressions, we observe a 0.7% decline for each quarter Uber is available. These results are robust to a variety of specifications. For some specifications, we also observe a reduction in the rate of fatal night-time crashes, fatal crashes involving alcohol, and the number of vehicular fatalities for the months following the introduction of Uber.
Next, we use the Federal Bureau of Investigations Uniform Crime Reporting (UCR) program to explore whether the introduction of Uber is associated with changes in arrests for particular types of crime: aggravated assaults, other assaults, motor vehicle thefts, driving under the influence (DUI), drunkenness, and disorderly conduct. Again, using a differences-in-differences specification, with county-specific trends, we typically find a decline in the arrest rate for DUIs. Recognizing that it takes time for potential users to become aware of the service and for current users to become more familiar with the ride-hailing application, we estimate a 0.8% decline in DUIs for each additional month Uber is available in the unweighted regressions. For most specifications, we also observe declines in the arrest rates for other crimes, but these tend to be imprecisely estimated. However, the arrest rates for motor vehicle theft increase.
We expand the literature on transportation options, crime, and traffic rates by addressing a specific, new industry attracting significant public attention and talk of regulation. In the article most similar to ours, Greenwood and Wattal (2017) use a differences-in-differences approach to show that the entry of Uber into California markets between 2009 and 2014 was associated with a significant drop in the rate of motor vehicle homicides. We expand this analysis geographically to encompass all entry across the United States. Further, we buttress these results with an analysis of arrest rates, including arrests for DUIs, providing completely new evidence of reduced drunkdriving following the introduction of ride-sharing services.
In the following section, we discuss the possible relationships between ride-sharing, fatal traffic accidents, and a variety of crimes. In section 3, we present our data on entry, accidents, and crime. In section 4, we present our differences-in-differences empirical strategy. We reveal the estimation results in section 5 and then conclude in section 6.
The Interplay between Transportation, Traffic Accidents, and Crime
Much heat has been generated and ink spilled over the effects of ride-sharing. Although ridesharing existed long before the advent of smart-phones, ride-sharing exploded when innovators such as Ubers Travis Kalanick and Garrett Camp and Lyfts Logan Green and John Zimmer began using the geolocation function of smart-phones to match private drivers with potential riders. These applications also enabled ride-sharing services to instantaneously alter prices in response to changes in supply and demand. Using geolocation, introducing more flexible pricing, and encouraging automated payments, ride-sharing services offer greater convenience, lower prices, and shorter wait times than other point-to-point transportation options.
2 Many hail these innovations. Others, including taxi and limousine owners and drivers, note the potential safety risks to such unregulated ride-sharing services.
To determine whether the lack of oversight has exposed citizens to greater harm, we investigate whether the introduction of Ubers ride-sharing service is associated with changes in vehicular fatality rates and arrest rates. The advent and expansion of ride-sharing services may affect traffic accidents and crime rates through a variety of mechanisms.
Jackson and Owens (2011) provide a theoretical framework to analyze how public transportation affects driving under the influence and alcohol consumption. Their model predicts that a lower price of public transportation lowers the cost of going out as well as the cost of drinking while out on the town. Ride-sharing services act similarly to public transportation in that individuals can substitute driving themselves or hailing a taxi with using a ride-sharing service.
Translating the predictions in Jackson and Owens (2011) to the case of ride-sharing, the availability of ride-sharing lowers the price of transportation which reduces the probability of driving ones self. If going out is a normal good, the availability of ride-sharing also lowers the cost of going out. This lower cost increases the demand for going out. The availability of ride-sharing also lowers the cost of drinking because it provides an additional transportation option that avoids driving after the consumption of alcohol. By providing a point-to-point transportation option, ride-sharing likely increases the demand for drinking. The net effect of these changes may increase or decrease fatal crashes as the model predicts increases in going out, alcohol consumption, and the use of alternate transportation.
Yet there are many characteristics and effects that ride-sharing does not share with most forms of public transportation. In fact, some of these features are precisely why some cities and counties have sought to regulate or prohibit Uber and other ride-sharing services from operating in their jurisdictions. These characteristics include increases in the number of vehicles on the road, changes in the likelihood of driving while distracted, drowsy, or drunk, and changes in the composition of drivers and vehicles on the road. Therefore, we must also consider how these unique characteristics may translate into changes in traffic accidents.
First, ride-sharing services likely increase the total number of vehicles on the road. With new transportation options, more individuals go out, leading to more congestion and a higher probability of collisions. Those calling for increased regulation note that county or municipal restrictions typically limit the number of taxis and limousines. Expanding the number of vehicles providing point-to-point transportation likely increases vehicle miles traveled and the per capita incidence of vehicular accidents.
Second, ride-sharing may change the likelihood of driving while distracted, drowsy, or drunk. Jackson and Owens (2011) predict that a new transportation option increases the demand for alcohol consumption when going out; increased drinking occurs among drivers as well as those using the new transportation option. Some drinkers substitute away from driving toward ridesharing. But some may not. Therefore, the net effect of drunk driving is ambiguous. In addition to any effect of drunk-driving, those driving for ride-sharing services may be distracted drivers. Passengers are often cited as the greatest source of distraction (NHTSA 2014) . By increasing the number of private drivers with passengers, ride-sharing may increase the fraction of distracted drivers. Furthermore, using any phone-based application, whether hands-free or not, likely increases the level of distracted driving.
3 When a potential rider electronically hails a driver, the Uber application alerts a driver by sound, but the driver must then determine the time and distance to the potential rider. Interacting with potential riders via the smart-phone application is clearly driving while distracted. 4 This distraction increases the probability of a crash and lowers the safety of passengers as well as nearby drivers and pedestrians. Third, ride-sharing may change the composition of point-to-point drivers through differing standards for drivers-for-hire. Ride-sharing drivers hold traditional private drivers licenses, whereas most taxi and limousine drivers must hold commercial drivers licenses. Commercially licensed taxi and limousine drivers undergo background checks, vehicle specific tests, a thorough driver history examination, and medical certification. This more intensive licensing process may reduce the likelihood of driver error and accidents. Medically certified commercial drivers may provide better medical care to passengers in the event of an accident.
Fourth, the quality of vehicles on the road may change. The number and type of inspections differ for commercial and private passenger vehicles. For instance, New York City taxis are inspected three times per year, while private vehicles are inspected at most once a year and, in some locations, not at all (NYC Taxi & Limousine Commission 2014). Fewer vehicle inspections increase the likelihood of accidents and injuries from parts failures, especially wear items such as tires and brakes. Those seeking more regulation also note that if a crash does occur, safety controls, such as airbags and seat belts, are more likely to operate properly in a well-inspected commercial vehicle. Conversely, ride-sharing drivers are more likely to own their vehicle. Because the owner-driver is the residual claimant of the vehicles value, they are likely to be more concerned with the vehicles appearance and safety equipment than a non-owner driver. Being an ownerdriver reduces many of the principal-agent problems present in the vehicle-for-hire market, leading to safer drivers and vehicles. Overall, the net effect of ride-sharing on accidents is ambiguous.
In the article most similar to ours, Greenwood and Wattal (2017) use a differences-indifferences approach to show that the entry of Uber into California markets between 2009 and 2014 was associated with a significant drop in the rate of motor vehicle homicides. Since publicly posting our initial results in May 2016, new studies have surfaced that examine this question. Peck (2017) observes declines in drunk driving in New York post-Uber. Martin-Buck (2016) estimates similar effects to our observed declines in traffic fatalities and declines in arrests for DUI and assaults. In contrast, Brazil and Kirk (2016) observe no effect of Uber on traffic fatalities in the 100 most populous metropolitan areas. Given the differing conclusions when investigating fatal crashes in different areas and locations, we empirically investigate all U.S. locations served and not served by Uber for greater clarity.
Ride-sharing may also affect crime. Many articles have been written about assaults and homicides at the hands of ride-share drivers (Kiplinger 2016) . Citing these incidents, some seek 3 The "NHTSA (2014) reports that in 2012, 16% of all police-reported crashes involved any driver distraction, and that 7% of crashes that involved some form of distraction (and 1.1% of all crashes) involved distraction due to cell phone use" (Carney et al. 2015, p. 45) . This is especially true for younger drivers (Doherty et al. 1998; Chen et al. 2000; Mayhew et al. 2003; Williams 2003; Williams et al. 2007 ). According to Carney et al. (2015) , distraction was a factor in 58% of automobile accidents by 16-19-year-olds. 4 For a discussion of ride-sharing and distracted driving see Richtel (2014) . government regulation of ride-sharing. Ride-sharing options may affect crime rates in a variety of ways: they may change the availability of victims, the cost of fleeing the scene, or increase alcohol consumption. The crimes we consider are ones likely to pick up these effects: robbery, assaults, motor vehicle thefts, DUI, drunkenness, and disorderly conduct.
Ride-sharing may affect these crimes in a number of ways. First, ride-sharing services may change the availability of victims by increasing how often people go out, by increasing interaction of riders and drivers, and by reducing potential riders wait times. Jackson and Owens (2011) predict an increase in going out due to more transportation options; this would tend to increase crime by increasing social interactions. In addition, by providing a potentially safer alternative to drunkdriving for those who drove themselves to an event but find themselves too inebriated to drive, the availability of ride-sharing may affect the rate of motor vehicle theft by increasing the prevalence of vehicles parked overnight in less secure locations. Ride-sharing passengers may also be more likely to become crime victims if interacting with Uber drivers is more dangerous. Uber drivers are not subject to as thorough of a driver history and criminal background check as are taxicab and limousine drivers. This may increase the risk to ride-sharing passengers of theft, assault, and even death.
5 However, ride-sharing passengers may be less likely to become crime victims because passengers spend less time standing on the street due to the electronic hailing and price adjustments in ride-sharing applications. Uber drivers do not receive training on how to handle unruly passengers as do commercial drivers. Therefore, ride-sharing drivers may also be more likely to become a crime victim than a commercial driver. Second, criminals also experience a greater ability to leave on short notice (WBAL TV 2015) . Because this reduces the likelihood of apprehension, it may increase crime rates. We, however, analyze arrest rates. Greater ability to avoid arrest would appear as a decline in arrest rates holding crime rates constant.
Third, we expect increased alcohol consumption with increased transportation options. Alcohol consumption is associated with some of the crimes we study: robbery, aggravated and simple assaults, drunkenness, and DUI (Snyder et al. 2010 and Carpenter and Dobkin 2015) .
As with fatal crashes, the net effect of ride-sharing on crime is also ambiguous. Increased alcohol consumption tends to increase the crimes we examine. Increased going out may increase the crimes we examine through increased social interactions. Some of these increases may be offset by reduced victim availability, as some substitute away from driving and toward ride-sharing.
Previous literature suggests that transportation options affect crime rates. For example, Philips and Sandler (2015) use closures of subway stations to estimate how the availability of public transportation affects crime rates. They find that closing a station reduces nearby crime, primarily in locations to which perpetrators are likely to travel to find victims. Jackson and Owens (2011) consider the effects of changing public transportation schedules on alcoholrelated behavior. They find that the availability of late-night public transportation likely increases alcohol consumption, leading to more arrests for minor crimes near bars but fewer DUI arrests in those areas.
Data
When investigating the effects of ride-sharing on fatal vehicle crashes and crime, we focus on UberX. We chose UberX for four reasons. First, Uber is the oldest and largest of the ride-sharing applications. 6 In 2014, Uber performed over 10 million rides per month, while Lyft garnered second place in market share with an average of only 2.2 million per month (Miller 2015) . According to MIT Technology Review, Lyft revealed in 2015 that the company provided only "7 percent of rides summoned over the Internet in [New York City], compared with Ubers 90 percent" (Bradley 2015) . Uber has eight times the funding of Lyft and several times Lyfts roughly 100,000 active drivers (Bradley 2015) . Second, Ubers website previously provided the day and month UberX began service in a city, county, or region . Updating these data to include 2015 service areas involved identifying current areas of service and searching newspapers for dates of entry and potential exit and return. Third, UberX is the most widely available ride-hailing service offered by Uber. Fourth, much of the criticism for Uber comes from the concern that its UberX service does not abide by the same regulatory oversight as traditional taxi services. Critics and many government officials are concerned that without similar background checks, safety certification, and vehicle inspection as taxi drivers and vehicles, users of UberX are subject to greater risk of assault or injury.
7
Although Ubers pilot program included a small number of trial runs in both New York and San Francisco in early 2010, Uber officially began service on May 31, 2010 in San Francisco .
When Uber first began launching UberX and their other services, they would often hold launch parties and create location-specific posts on the Uber blog that included the dates and the locations served. This often included a new city-specific web page that included a map of the geographic reach of the service. With each new location, Uber would post the launch date on its blog and add a new city-specific web page to their website. For each of these launches, we code the county (or counties) centered in the service area as the county (or counties) receiving UberX. Uber would often slowly expand the geographic reach of a service area over time. From 2010 through 2014, most of these expansions would be announced on Ubers blog. Others would simply be announced in local newspapers or websites. As the number of service areas grew and the geographic reach of services areas expanded, Uber overhauled their website and combined many service areas into one. Therefore, Ubers overhauled website provides maps of current service areas that are typically more widespread than the initial service area. Uber also stopped formally announcing every time it expanded coverage of an existing service location. In addition, many of these expansions did not receive any local news coverage. Because we do not observe the exact timing of some of these expansions, the UberX indicator variable is zero for surrounding counties when we do not observe a reported launch date.
For example, on July 10, 2014, Uber announce the launch of UberX in Greenville, South Carolina, along with three other South Carolina cities (Uber 2014) . Therefore, Greenville County switched from 0 to 1 for July 2014 and all months after July 2014. However, Ubers current map of 6 Lyft and Sidecar were second and third in market share of ride-sharing services nationwide during the period we examine. In December 2015, Sidecar ceased operations. 7 We do not include UberBlack in our analysis. Unlike UberX, UberBlack drivers must meet city and state limousine licensing requirements and carry commercial insurance. In many locations, UberBlack partners with traditional limousine services to fill their vehicles during downtimes. UberBlack is also much more expensive than traditional taxis and thus does not serve as a substitute for taxis, especially for price-sensitive customers. Moreover, UberBlack makes up only 6% of Uber rides (Bhuiyan 2017). the Greenville, SC Uber service area reveals that parts of Pickens and Oconee Counties are also included in the current coverage area (Uber 2017) . Searching newspapers, we discovered that UberX launched in the Pickens county town of Clemson, SC on September 10, 2015 (Greenville Online 2015). Therefore, Pickens Countys indicator variable switches from zero to one from September 2015 onward. Because no formal launch date was found for Oconee County, SC and because only part of the county is covered, its indicator variable remains zero throughout. This coding of the Uber variable implies we compare counties with Uber to counties that either do not have Uber or may have access to Ubers services. This control group makes it more difficult to find effects of Uber, likely understating any effect of Uber on the outcomes.
8
In the full sample, we include all U.S. counties. Uber may enter areas that differ in their rates of crime or traffic crashes. To reduce concerns about endogenous entry, in some tables, we estimate the effect of Uber using only counties in which Uber enters at some point. Figure 1 shows the number of areas in the United States served by Uber by month and year. By the end of 2011, Uber was serving 10 locations; by the end of 2012, the number was up to 20. By the end of 2015, Uber was serving 224 locations throughout the United States.
9
To investigate whether Ubers entrance is associated with changes in the rate of fatal crashes, we use the National Highway Traffic Safety Administrations (NHTSA) Fatality Analysis Reporting System (FARS). The NHTSAs FARS data reports fatal automobile accident rates, whether a fatal crash is classified as alcohol-related, the time of the crash, and the total number of vehicular fatalities. We separately consider alcohol-related traffic fatalities because ride-sharing is expected to increase alcohol consumption and going out. We use nighttime accidents as a proxy for alcohol-related accidents as a large fraction of nighttime accidents are alcohol-related (Dee 1999) ; time of the accident may be more accurately coded than alcohol involvement (Eisenberg 2003) . Almost one-third of traffic fatalities are due to alcohol-involved crashes (Department of Transportation 2015).
As reported in Table 1 , there are 4.08 fatal vehicular crashes per 100,000 people. There are 0.48 fatal alcohol-related crashes per 100,000, 0.99 per 100,000 nighttime fatal crashes, and 5.02 vehicular fatalities per 100,000. About 60% of the county-months in the sample report no fatal crashes. The county with the highest number of fatal crashes was Los Angeles County, CA with 266 in October 2007. Given our investigation of whether Ubers entry is associated with crash rates, we also report rates for areas without Uber and areas where Uber is available for at least one month. Areas where Uber is never present have higher fatal accident rates overall and for each type. Therefore, it does not appear that Uber enters areas with higher accident rates. Among the counties that ever host Uber, traffic crash rates and fatalities per 100,000 are more common in the months without Uber than the months with Uber.
For our measures of crime rates, we use the FBIs Uniform Crime Reports Statistics from 2007 through 2015 (United States Department of Justice, various years). Victim surveys suggest alcohol use is common among perpetrators of robbery and aggravated and simple assaults (Snyder et al. 2010) . Carpenter and Dobkin (2015) estimate significant effects of access to alcohol on arrests for robbery, aggravated assault, other assaults, drunkenness, and DUI although they find no effect on disorderly conduct. In addition to crimes investigated by Carpenter and Dobkin (2015) , we add motor vehicle thefts because Uber relies on privately owned motor vehicles for its service. The remaining three crime categories: liquor law violations, forgery, and embezzlement are included as placebo tests. We do not expect Ubers entry to be associated with arrests for these three types of crime.
We report the arrest rate summary statistics in the top portion of Table 2 . 10 There are 4.4 arrests per 100,000 for robbery; 25.8 per 100,000 for aggravated assaults; and 101.3 arrests for other types of assaults per 100,000. There are 4.8 arrests for vehicle thefts; 105.9 per 100,000 for DUI; 49.4 per 100,000 for drunkenness; and 57 per 100,000 for disorderly conduct.
In the bottom portion of Table 2 , we investigate whether the arrest rates in areas that never have access to Uber are different from those where Uber is or becomes available. Arrest rates are higher in the ever-Uber counties for all of the crime categories we consider. In most cases, arrest rates are two to three times higher in Uber-receiving counties. Among the ever-Uber counties, crime arrest rates are higher in the months when Uber is present than when it is not; the exception is liquor law violations. If Uber chooses to enter counties with high or with rising arrest rates, this generates concern for endogenous entry. To help mitigate this concern, the empirical method described in the next section includes county fixed effects and county-specific linear trends. To further address endogeneity concerns, we supplement the estimates using the full sample with estimates using only the sample of counties that witness Ubers entry.
Empirical Methods
To determine whether the changes in fatal accidents and crime are associated with Ubers entry, we estimate for county i in month m and year t the following: number per 100; 000 residents imt 5buber imt 1X 0 c1h i 1s mt 1u i mt1 imt
The equation is a standard differences-in-differences specification. 11 The monthly outcomes include fatal vehicle accidents per 100,000 residents as well as arrests per 100,000 residents for a We examine four measures of traffic fatalities per 100,000: fatal traffic crashes, alcoholinvolved fatal crashes, nighttime fatal crashes, and traffic fatalities. We examine arrests per 100,000 for seven different crimes: robbery, aggravated assaults, other assaults, motor vehicle thefts, DUI, drunkenness, and disorderly conduct. We focus on these crimes due to their association with physical safety, vehicles, alcohol consumption, or all three.
The vector X is a set of factors that influence driver safety, alcohol consumption, or both.
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This includes graduated drivers licensing laws, the real state beer tax rate, marijuana laws, the age and racial demographics of the county, real per capita income, the unemployment rate, and population density. 13 Dee et al. (2005) demonstrate that graduated driver licensing laws reduce fatalities among the teens whose driving is restricted. Saffer and Grossman (1987) suggest that beer taxes reduce traffic fatalities although Dee (1999) finds that this result is not robust. A vast literature examines the relationship between alcohol consumption and economic conditions (see Henkel  2011 for a review of some of this literature). We use two measures of economic conditions: statelevel real per capita income and the unemployment rate. Anderson et al. (2013) find that medical marijuana laws reduce traffic fatalities, plausibly by reducing drunk-driving. We include three variables capturing the legal status of marijuana: indicators for whether marijuana has been decriminalized, for a medical marijuana law, and for a recreational marijuana law. 14 We control for population density to allow for areas with more people per square mile to differ in fatal traffic crash rates and crime rates. We do not control for vehicle miles traveled. Uber may itself increase or decrease vehicle miles traveled; omitting this control allows the effect of Uber to operate through changing vehicle miles traveled. The specification also includes county-fixed effects, h i ; indicators for each month-year in the sample, s mt ; and county-specific linear, monthly time trends, u i mt. The county fixed effects account for any time-invariant differences between Uber and non-Uber counties. The countyspecific linear time trends capture the possibility of ongoing differing trends by controlling for trends in the outcome variables specific to the geographic area. Standard errors are clustered by county to account for potential serial correlation within each county. We present both populationweighted and unweighted estimates. Population weights may generate estimates that are more efficient because the variance of per capita outcomes is smaller in areas that are more populous. Solon et al. (2015) suggest that researchers present both weighted and unweighted estimates as differences between these specifications can indicate specification errors.
A typical concern with differences-in-differences estimation is the possibility of endogenous entry. If, for example, Uber enters areas with differing trends in the propensities to go out, to drive drunk, or to commit crimes, the estimated effect of entry also captures these differing propensities. 12 We also report basic the difference-in-difference estimation without any control variables in Tables A6 and A7 Dills et al. (2017) . These data are measured at the annual level. 14 Previous research documents effects of zero tolerance laws, minimum legal drinking ages, seat belt laws, and laws lowering the legally intoxicated blood alcohol level to 0.08 on traffic fatalities (Dee 2001; Eisenberg 2003; Dee 1999 but see Miron and Tetelbaum 2009; Cohen and Einav 2003) . However, these laws exist in all states for the full sample period and are subsumed by the county fixed effects.
We address the possibility of endogenous entry in one additional way: we limit the sample to counties who will ever witness Uber entry. In these regressions, we compare counties where Uber currently operates (the "treatment") with counties where Uber will eventually, or used to, operate (the "control"). The "control" group likely shares more characteristics with the "treatment" group when we use this limited sample, reducing possible bias due to endogenous entry.
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One concern with including county-specific trends is that the time trend in the outcome may be confounded with the effect of the policy change of interest. For example, if the effect of Uber increases over time as more residents, visitors, and drivers become aware of the possibility of using or driving for the service then this effect will be picked up in the county-specific trend. Wolfers (2006) points out that fitted county-specific linear trends capture both the preexisting trend and the policy response. To account for this possibility, we estimate specifications that allow the effect of Uber to grow or shrink the longer Uber exists in a county. We estimate specifications that allow entry to affect both the mean and the post-entry trend for county i in month m and year t:
number per 100; 000 residents imt 5a 1 uber imt 1a 2 uber imt Ã t1X
We explore a variety of fatal crash rates, the number of vehicular fatalities per 100,000, and arrest rates for a variety of crimes. The vector X as defined above, county fixed effects, month-by-year indicators, and county-specific linear monthly time trends complete the specification. We estimate one other specification using the lags and leads of Ubers entry into a county. We estimate the following equation for county i in month m and year t: number per 100; 000 residents imt 5b 0 uber imt13 1b 1 uber imt12 1b 2 uber imt11 1b 3 uber imt 1b 4 uber imt21 1b 5 uber imt22 1b 6 uber imt23 1b 7 Uber 4 or more years previous
The omitted timing of Uber is Uber entering in four or more years. 16 This specification allows for two possibilities. First, the coefficients on the leads of Ubers entry estimates any pre-existing differences in counties prior to entry. If b 0 or b 1 are statistically significant, this provides evidence of endogenous entry. The estimate of b 2 provides mixed evidence: although a statistically significant estimate suggests endogenous entry, some locations experienced "soft" entries by Uber. These "soft" entrances were unpublicized and are not reflected in the coding of Ubers entry. Effects of Uber beginning prior to Ubers official launch date may reflect effects due to unpublicized earlier entry. Second, the inclusion of a variety of lags of Ubers entry allows the effect of Uber to differ over time in a flexible way.
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15 Because we are concerned that both fatal crash rates and crime rates are naturally truncated at zero, we estimate Equations 1 and 2 using a tobit estimation. Supporting Information Tables 2 and 3 present these results. We generally find larger negative effects than those reported in our main specification. We also estimate Equations 1 and 2 for both fatal crashes and crime using a trimmed sample of counties. We estimate the predicted probability of Ubers entry into a county given county characteristics in 2007. We trim the sample to include the ever Uber counties and any counties with at least a 50% or higher probability of Uber entering. The results tend to be more negative and more precisely estimated. These are reported in Supporting Information Tables A4 and A5 . 16 The lag and leads specifications without any controls appear in Supporting Information Tables A6 and A7 . 17 We also estimate nonlinear effects of Uber using the logged outcomes. Results are in Supporting Information Tables   A8 and A9 and are generally similar to estimates using lags and leads. We observe no significant effects of Uber on logged arrest rates. We observe large, negative, and significant effects of Uber on fatal traffic crash rates and vehicular fatality rates. Table 3 presents results examining whether the entry of Uber into a county is associated with any change in fatal crash rates. We consider four measures of fatal traffic accidents per 100,000: total, alcohol-related, nighttime, and the number of fatalities. Panel A presents results using the differences-in-differences specification with county-specific linear trends. These estimates are small, split between positive and negative, and statistically insignificant. To provide a sense of the magnitude, the estimate in column 8 implies that Ubers entry corresponds to a 0.0169 reduction in vehicular fatalities per 100,000, a 0.3% decline at the mean. Recognizing that it takes time for potential users to become aware of the service and for current users to become more familiar with the process, Panel B of Table 3 allows the effect of entry to differ as time passes. Our unweighted estimates are consistent with Uber leading to larger declines in fatal accidents the longer the service is available. For example, the estimates in column 1 imply that Ubers entry initially increases, insignificantly, fatal traffic crashes. After about six months of operation, the effect of Uber is a decline in fatal traffic crashes. Fatal crashes decline by 0.02 per 100,000 for each additional month, a (0.0224/4.085) 0.5% decline. Per quarter of operation, this corresponds to a 0.07 per 100,000 decrease or (0.07/4.085) 1.6% decrease per quarter at the mean. The exception in the unweighted estimates is alcohol-related crashes. These decline initially and then show a slight increase over time, turning to a positive effect after (0.0114/0.0006025) 17 months. None of the estimated effects on alcohol-related crash rates are statistically significant.
Results

Traffic Fatalities
In the weighted regressions, the estimated effect over time tends to be smaller and statistically significant. We observe a 0.009 per 100,000 declines in fatal accidents and a 0.0099 per 100,000 declines in traffic fatalities for each additional month Uber is available. These correspond to percent decreases of (0.009/4.085) 0.2% in fatal crash rates and (0.0098/5.025) 0.2% in traffic fatalities per month of operation. Our estimates are a fifth of the size as those in Greenwood and Wattal (2017) who find a "3.6-5.6% decrease in the rate of motor vehicle homicides per quarter [or 0.9-1.4% per month] in the state of California." Overall, our estimates suggest that Uber reduced fatal traffic crashes, at least after several months of operation.
Our results in Table 3 may be biased if Uber enters areas that differ from the rest of the country. To alleviate this concern about endogenous entry, we restrict the sample to only those areas that ever witness the entry of Uber. The treatment and control groups, in this restricted sample, likely share many more characteristics.
Estimates in panel A of Table 4 are mostly positive and statistically insignificant. One exception is with alcohol-involved fatal crashes. In the ever-Uber sample, Ubers entry is associated with a decline of 0.0346 crashes per 100,000; at the mean, this is a (0.0346/0.335) 10% decrease. Allowing for the change in slope in panel B suggests that most of the decline in alcohol-related incidents occurs quickly. The estimates in Panel B suggest that fatal traffic crashes, nighttime fatal crashes, and vehicular fatalities decline post-Uber (column 1), but that these declines may take ten months to occur. 18 The coefficients in the weighted sample in Panel B are smaller and less statistically significant. We observe statistically significant declines in the rate of fatal crashes that occur within (0.0430/0.006785) seven months postentry. The magnitude of this result is, at the ever- There are 334,620 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. There are 78,192 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25 to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. Standard errors are clustered by county. ***p < 0.01. **p < 0.05.
Uber mean, 0.0068 fewer fatal crashes per 100,000 per month, a decline of (0.00678/3.045) 0.2% per month for fatal crashes. This is roughly similar to the monthly decline in the full sample.
In Tables 5 and 6 , we investigate the effects of Uber using the lags and leads of Ubers entry. Table 5 presents estimates of Equation 3 using the full sample; Table 6 uses the everUber sample. In Table 5 , most coefficients on the leads of Uber are statistically insignificant, supporting our assumption of exogenous entry. There are some exceptions, however. The coefficient on Uber in three years for vehicular fatalities in the unweighted sample (column 4) is a statistically significant, and large, 20.298. In addition, all of the leading variables for fatal crashes in the unweighted sample (column 1) and alcohol-involved fatal crashes in the weighted sample (column 6) are statistically significant. This suggests caution in interpreting the effects of Uber on alcohol-involved fatal crashes for the full sample. The lagged effects of Uber support the earlier findings. We observe declines in fatal crashes that increase the longer Uber is in an area (columns 1 and 5). Once Uber has operated in a county for four or more years, we observe fatal crashes per 100,000 that are 0.7 to 1.6 per 100,000 lower (columns 5 and 1); these reflect declines of (0.7/4.085) 17 to (1.6/4.085) 40%. This amounts to an average annual decline of 3.4 to 8%. 19 In the weighted estimates, alcohol-involved fatal crashes are lower in Uber-receiving counties before Ubers entry and decrease even more the longer Uber remains in a county.
The estimates in Table 6 use the ever-Uber sample. Limiting the focus to counties that will eventually receive Uber reduces any observed endogenous entry. In this sample, the leads of Uber are almost never statistically significant. We continue to observe declines in fatal traffic crashes and fatalities that grow the longer Uber remains in a county. These declines occur for all outcomes although, in most cases, these declines are not statistically significant. We observe statistically significant declines in fatal crashes per 100,000 (columns 1 and 5) and alcohol-involved fatal crashes per 100,000 (column 6) with magnitudes similar to those observed in Table 5 .
At first glance, these magnitudes may seem large. Eisenberg (2003) considers a range of drunk-driving related policies and estimates effects from 4% to 9.4% on drunk-driving fatalities. Dills (2010) finds a 9% decline in drunk-driving fatalities due to social host laws. Thus, our estimates are not far off from the effects of changes in drunk-driving policies and social host laws. Yet, Uber is, in many ways, different from these legal restrictions. Unlike most policy changes, the adoption and use of Uber is voluntary. That is, potential drivers voluntarily choose to ride-share because they view it as the best alternative and not because there is a threat of punishment. Moreover, those most likely to adopt and use Uber are exactly the groups mostly likely to be involved in collisions: traffic fatality rates are higher among younger drivers and fall by age until 65 (Chang 2008) . Smartphone owners are more likely to be aged 18 to 35 (Smith 2012) . And most importantly, 40% of Ubers users are aged 25 to 34 and another 28% are 35 to 44. Providing what customers believe to be a superior point-to-point transportation alternative for those most likely to be in a collision is likely to have larger effects than those found in broad, punishment-based policies.
Overall, our findings suggest that Uber does not increase overall fatal crash rates and, for some specifications, is associated with a decline in fatal crash rates. There are 334,620 observations. The omitted category is Uber in four years. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. There are 78,192 observations. The omitted category is Uber in four years. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25 to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. 
Arrests
To investigate whether ride-sharing is associated with changes in crime, we consider the effect of Ubers entrance on arrests per 100,000 for a variety of crimes. We focus on crimes that a new transportation option likely affects through increased alcohol consumption: DUI, drunkenness, and disorderly conduct. The increased interaction of strangers may affect another group of crimes: aggravated assault and other assaults. Because drowsiness and intoxication are more likely when returning home than when departing, the availability of Uber may increase the number of vehicles parked overnight in unsecured locations. Because ride-sharing likely increases the availability of unsecured cars, we include motor vehicle thefts. Table 7 presents estimates for all counties. Panels A and B contain the differences-indifferences estimates without and with population weights, respectively. In the unweighted sample, the coefficient estimates are almost all statistically insignificant with a mix of positive and negative estimates. The exception is a statistically significant increase in the arrest rate for motor vehicle thefts. In the weighted sample, the estimated effects are all negative, of economically important magnitudes, but statistically insignificant.
The specifications in Panels C and D allow Ubers entry to affect the post-entry trend. In the unweighted estimates, the estimated effects are again of mixed signs. Three estimates are There are 311,652 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. Standard errors are clustered by county. ***p < 0.01. **p < 0.05. *p < 0.1. statistically significant: we observe increases over time in motor vehicle thefts and decreases over time for other assaults and disorderly conduct. The weighted estimates in Panel D are mostly negative and all statistically insignificant. Because we are concerned that Uber may enter areas with characteristics correlated with crime rates, we restrict the sample to only those areas where Uber ever offers its services. We then repeat the analysis from Table 7 . The estimated difference-in-differences effects in Panels A and B of Table 8 are somewhat more negative than those in Table 7 . These estimates are never statistically significant. When we allow for Ubers effect to change over time, we observe some declines in arrests for DUIs and disorderly conduct over time (columns 5 and 7, Panel C) . Weighting the sample results in smaller and less precisely estimated effects on these outcomes. However, the estimates in Panel D are almost all negative and statistically insignificant.
Tables 9 and 10 present the estimates using the leads and lags of Ubers entry. In Table 9 , in the unweighted estimates, we estimate significant differences in robbery, other assaults, motor vehicle thefts, and disorderly conduct prior to Ubers entry. For other assaults, rates of arrests are lower in Uber counties before entry and this gap increases over time. For motor vehicle thefts and robbery, rates are higher in Uber counties before entry and this gap increases over time. We also see declines in arrests for DUIs that are larger the longer Uber remains. These effects are There are 69,228 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. Standard errors are clustered by county. ***p < 0.01. **p < 0.05. *p < 0.1. statistically significant for the first three years of Ubers presence. In the weighted estimates in Panel B, we observe fewer pre-existing differences in outcome variables. The exceptions are that rates of arrest for aggravated assault and disorderly conduct are higher in the years preceding Ubers entry. The longer Uber remains, the larger the gap in arrests for disorderly conduct. Table   Table 9 There are 311,652 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. The omitted category is Uber in four years. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. Standard errors are clustered by county. ***p < 0.01. **p < 0.05. *p < 0.1. There are 69,228 observations. All specifications include month-by-year fixed effects, county fixed effects, and county-specific linear trends. The omitted category is Uber in four years. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. 
Liquor law violations There are 311,652 observations in the full sample and 69,012 in the ever-Uber sample. All specifications include month-by-year fixed effects, county fixed effects, and countyspecific linear trends. We also control for whether marijuana is decriminalized, medicalized, or legalized; population density; the percent of the population who are black, aged 20 to 24, aged 25to 34, aged 35 to 54, and aged 55 and over; indicators for whether the state has a graduated drivers licensing law, zero tolerance law, maximum legal blood alcohol concentration of 0.08; state real per capita personal income, and the state maximum welfare benefit for a family of three. 10 limits the sample to the ever-Uber counties. In the unweighted sample, we observe some differences prior to Ubers entry. Arrests for robbery are higher prior to Ubers entry but this gap increases as Uber remains. There are no differences in arrests for other assaults before Ubers entry; arrests for other assaults fall once Uber enters. There are no differences in arrests for motor vehicle thefts before Ubers entry; arrests for motor vehicle thefts increase once Uber enters. Arrests for disorderly conduct are higher prior to Ubers entry and stay higher once Uber enters. These estimates are sensitive to the use of population weights. In Panel B, we estimate no significant effects on arrests for robbery, other assaults, motor vehicle thefts, DUI, or drunkenness. We observe rates of arrests for aggravated assaults that are higher before Ubers entry and increase over time, although not statistically significantly. We observe rates of arrests for disorderly conduct that are higher prior to Ubers entry and increase over time.
To investigate whether any findings may be spurious, we analyze a number of crimes that are unlikely to be associated with ride-sharing: liquor law violations, fraud, and embezzlement. 20 Table 11 presents these estimates for the specifications and samples in Tables 7 and 8 . As expected, we find no relationship between Uber on the arrest rates for liquor law violations, fraud, or embezzlement.
We find evidence that Ubers entry leads to lower rates of DUIs and, likely, lower rates of assault and disorderly conduct. We also observe increases in the rate of motor vehicle thefts following Ubers entry into a county. drunkenness after Ubers entry. However, we do find weak evidence that DUIs arrests rates decline for the first three years that Uber is available. We also discover a decline in disorderly conduct arrests for each additional month Uber operates in a location. The big adverse effect we observe is an increase in the arrest rate for motor vehicle thefts that coincides with Ubers arrival.
